• Physics-based modeling and machine learning to quantify streamflow changes and their controls.
Regional changes in streamflow after a megathrust earthquake
• Physics-based modeling and machine learning to quantify streamflow changes and their controls.
• Excess discharge >1.1 km 3 , the largest volume of excess discharge after an earthquake.
• Enhanced vertical permeability as the dominant mechanism for the observed streamflow anomalies.
Introduction
Hydrological changes after earthquakes have been documented for millennia (e.g., Pliny, , including changing water levels in wells, liquefaction of soils, altered activity of mud volcanoes and geysers, and the formation and disappearance of springs (Muir-Wood and King, 1993 , Rojstaczer et al., 1995 , Wang and Manga, 2010a . Streamflow responses include co-and post-seismic increases , decreases (Wang et al., 2004a) , or both (Mohr et al., 2012) , as earthquakes change crustal stresses, hydraulic heads, and physical properties such as the permeability of the subsurface, all controlling water flux. Altered stream discharge following earthquakes have been observed in the near-and intermediate field (Rojstaczer et al., 1995) . The near field is defined as the area within one fault length of the rupture, whereas the intermediate field enfolds an area within several fault lengths.
Seismically triggered streamflow changes are more than curiosities, and provide rare opportunities to study the water cycle under pulsed disturbances. Hence, earthquakes may provide important insights into the regional hydrological cycle and near-surface hydro-seismological processes that are difficult, if not impossible, to study otherwise.
Understanding earthquake hydrology may reveal details about hydrocarbon migration (Beresnev and Johnson, 1994) , the dynamics of geothermal systems , the security of water supplies (Chen and Wang, 2009) , the integrity of waste repositories (Carrigan et al., 1991) , and biological activity, such as modified invertebrate fauna in streams affected by post-seismic changes in streamflow and hydrochemistry .
Earthquakes cause static and dynamic strain, which directly affect streamflow via increases in pore pressure caused by static strain (Muir-Wood and King, 1993) , consolidation (up to liquefaction) by dynamic strain (Manga, 2001 , increased permeability (Rojstaczer et al., 1995 , Wang et al., 2004a , or the release of vadose zone water by dynamic strain Rowland, 2009, Mohr et al., 2015) . Each of these mechanisms is physically plausible and might explain the observed streamflow responses, though detailed studies have drawn conflicting conclusions about the dominant mechanism. For example, the isotopic composition of excess water emerging in previously dry streams pointed to a groundwater source after the 2014 Mw6.0 South Napa earthquake (Wang and Manga, 2015) . In contrast, modeling for headwater streams in south-central Chile, an area that is comparable to northern California in terms of its hydro-climatic conditions, indicated that water was shaken out of the vadose zone after the 2010 Maule M8.8 earthquake (Mohr et al., 2015) . The hypothesis that strong ground shaking enhances permeability (Rojstaczer et al., 1995 , Wang et al., 2004a ) is consistent with lowered water temperatures and altered electrical conductivity (Charmoille et al., 2005) , but incompatible with unchanged recession constants after earthquakes (Manga, 2001 . Recession constants are widely used to describe the hydraulic permeability at the catchment scale (Blume et al., 2007) . Groundwater flow is governed by Darcy's law, so if permeability does not change, the hydraulic head has to increase instead. Accordingly, Manga (2001) and proposed that coseismic consolidation of saturated deposits increased the hydraulic head. Another hypothesis is that the vertical permeability was enhanced by earthquakes, which increased the base flow feeding streams (Fleeger and Goode, 1999; Wang et al., 2004a , Wang et al., 2004b Wang and Manga, 2015) .
Why do catchments respond in such different ways to earthquakes even under comparable environmental conditions? What are the underlying controls? Guided by these research questions, our objectives are (a) to identify regional patterns in streamflow responses to the M8.8 2010 Maule earthquake, Chile, (b) to identify environmental controls on the observed streamflow anomalies, and (c) to reconcile these anomalies with a groundwater flow model. To this end, we combine random forest classification of potential predictors of streamflow changes with physicsbased 1D-groundwater modeling for catchments showing altered discharges following the Maule earthquake.
2. Study area, data and methods
Study area
Chile is well suited for studying earthquake hydrology because of the country's distinct environmental contrasts. With some of the driest and wettest spots on Earth, Chile has a steep hydro-climatic gradient. Mean annual rainfall varies between less than 10 mm and more than 2000 mm (Hijmans et al., 2005) , and potential evapotranspiration varies by more than an order of magnitude (Fig. 1) . The trade-off between water supply and demand determines the effective aridity. Chile hosts some of the world's steepest topographic gradients, and the Andes reach ∼7000 m asl, while the Coastal Mountain ranges are >3000 m asl in the north (Fig. 1) . The country is also prone to frequent earthquake shaking. According to the ANSS earthquake catalogue (NCEDC, 2014), Chile has experienced >M8.0 earthquakes every 25 yr on average (Fig. 2 ).
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2. Download full-size image Fig. 1 . Geographical setting. Average annual precipitation (mm) for the period between 1950-2000 based on BIOCLIM data (Hijmans et al., 2005) for Chile. Yellow circles show streamflow gauging stations operated by Chilean Direccion General de Aguas (DGA). Red line indicates the aridity-humidity boundary, i.e. the ratio of mean annual precipitation and mean annual potential evapotranspiration . Topography is based on SRTM data (Jarvis et al., 2008) , bathymetry comes from the ESRI World Ocean Baselayer. The inset shows 100-km wide topographic swath profiles based on SRTM data (Jarvis et al., 2008) to illustrate the topographic gradients across Chile. (http://services.arcgisonline.com/arcgis/rest/services/Ocean/World_Ocean_Base, accessed 05.06.2016.) (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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2. Download full-size image Fig. 2 . Earthquake magnitude-frequency. Magnitude-frequency relationship derived for 11 533 earthquakes >M4 from ANSS data (January 1970 to December 2014) (NCEDC, 2014) . Vertical axis is number of earthquakes with magnitude greater than shown on the x-axis. Red lines are maximum likelihood estimates from bootstrapped regression on log-binned data. Inset shows bootstrap (1000 iterations) density estimate of maximum likelihood estimator of modeled power-law slope (b ∼ −0.948). Mode is indicated by the red dashed line. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
Data
We examined time series of daily averaged discharge at 716 stream gauging stations, rainfall at 802 precipitation gauges, and air temperature at 75 meteorological stations, provided by the Dirección General de Aguas (DGA) (http://dgasatel.mop.cl/). The stations are spread across Chile from the Atacama Desert and Altiplano in the north to Tierra del Fuego in the south (Fig. 1) , and sample headwater streams as well as larger catchments with multiple tributaries, including lowland rivers of the Central Valley.
For each catchment we compiled several attributes. We grouped the geological map of Chile (SERNAGEOMIN, 2003) into metamorphic, sedimentary, and igneous rocks, as well as unconsolidated sediments, and computed the fraction of each class within each catchment. We calculated the distance between the gauging stations and the nearest (mapped) fault, and estimated fault density (km/km 2 ) in each catchment. This density estimate includes all normal, reverse, and strike-slip faults mapped by SERNAGEOMIN (2003) . We used annual precipitation data from the BIOCLIM data (Hijmans et al., 2005) for the period between 1950 and 2000 derived from summing monthly rainfall data. We used average annual rainfall to estimate how much water entered the catchments during a hydrological year. To account for rainfall prior to the earthquake, we also included the long-term averaged February precipitation, as the earthquake occurred at the end of that month. We (re)classified the land-cover information in global mosaics of the standard MODIS land-cover type data product (MCD12Q1) at 500-m resolution (Channan et al., 2014 , Friedl et al., 2010 , and LANDSAT images (2000) (2001) (2002) (2003) (2004) (2005) at 30-m resolution (Sexton et al., 2013) . We used data on peak ground acceleration (PGA) and peak ground velocity (PGV) generated by the M8.8 Maule earthquake published by the USGS (http://earthquake.usgs.gov/earthquakes/shakemap/global/shake/2010tfan/#download), and modeled static strain within each catchment using Coulomb 3.3 (Lin and Stein, 2004, Toda et al., 2005) , and model parameters provided by Chen Ji (University of California, Santa Barbara, http://www.geol.ucsb.edu/faculty/ji/big_earthquakes/2010/02/27/chile_2_27.ht ml).
Some of the published gauge locations at catchment outlets seemed questionable. We thus estimated the most plausible location requiring that the distance to the published outlet location be minimized (within a maximum of 2 km), though agreeing as closely as possible with the published catchment area and flow path. We normalized the resulting misfits to account for differences in catchment size, and aggregated the errors into a single value describing the total misfit. Based on these recalculated locations, we adjusted catchment area and derived topographic metrics such as elevation and local slope from a 90-m SRTM digital elevation model (Jarvis et al., 2008) with TopoToolbox 2 (Schwanghart and Scherler, 2014) to broadly characterize the topography of the catchments. We analyzed 293 streams with complete discharge data before and after the Maule earthquake, and visually classified the hydrographs into (1) post-seismic increases, (2) post-seismic decreases, and (3) no response.
We checked for effects of snow or glacial melt, which is mostly relevant for the catchments fed by high Andean headwaters during summer, by determining the maximum cross-correlation coefficient and corresponding time lag between the discharge records and the three nearest air temperature records. Assuming a temperature-driven signal in the post-seismic streamflow, we expect that both time series closely correlate with the temperature signal preceding the streamflow response due to heat exchange with the land and/or atmosphere.
We then computed the relative change in streamflow induced by the earthquake by comparing discharges before and after in the period between February 28 to March 31, 2010.
Recession analysis
Hydraulic diffusivity is closely related to the geometrical and physical properties of the aquifer. The recession constant can be used to characterize the hydraulic diffusivity.
We compared pre-and post-seismic recession constants calculated by the constant k method (Blume et al., 2007) to explore possible seismic effects on hydraulic diffusivity: (1)δQδt=−k⋅Q(t) which can be rearranged to (2)k=−δQδt⋅1/Q(t) where k is the recession constant (1/day) and Q(t) is discharge at time t (m and after the earthquake, separating base flow from total flow with a base flow filter (Nathan and McMahon, 1990 ).
Random forest classifier
We used a random forest classifier (Breiman, 2001) to identify the most important catchment-and earthquake-related controls that might determine the presence or absence of streamflow responses. Random forests are ensembles of decision trees trained on data, forming a robust nonparametric model capable of handling large nonlinear, noisy, fragmented, or correlated multidimensional data for classification (Liaw and Wiener, 2002; Strobl et al., 2008) , and combine bootstrap aggregating with random variable selection (Breiman, 2001 ). The strategy is to explore the importance of predictors using bootstrapped data and predictor subsets for growing decision trees. In random forest, each tree node is split using the best among a subset of predictors randomly chosen at that node. This approach performs very well compared to other classifiers such as support vector machinesor neural networks, and remains robust against overfitting (Breiman, 2001, Liaw and Wiener, 2002) . The random forest algorithm includes three main steps:
1.
Draw n bootstrap samples from the data set.
2.
Grow a classification tree for each bootstrap sample, randomly sample at each split a subset of the predictors and chose the best split among them. At each split, the data are divided into two groups following a simple rule aimed at minimizing the total variance.
3.
Predict new data from the majority vote of all trees' predictions.
At each bootstrap iteration, random forest predicts the data not included in the bootstrap data (so called "out-of-bag") using the tree grown on the bootstrap sample. After aggregating all out-of-bag predictions, the overall error rate is estimated (Breiman, 2001 ). The main parameters of random forests are the number of trees, the trees' complexity, the number of randomly selected predictor variables at each split, and the size of the training set (Breiman, 2001) . The relative loss of model performance when omitting a specific predictor defines that predictor's importance, if corrected for spurious correlation effects (Strobl et al., 2008) . To this end, we calculated the out-of-bagprediction accuracy, and determined all split points for each predictor variable in a given tree. We then randomly permuted the split-point values and re-assessed the out-of-bagprediction accuracy. The difference between pre-and post-permutation prediction accuracy provides the conditioned importance of each predictor for a single tree. We thus computed the overall variable importance for the random forest by averaging over all trees (Strobl et al., 2008) .
Our response variable refers to the presence or absence of post-seismic streamflow responses. Predictor variables include continuous data on hydro-climatology, geology, tectonics, land cover, topography, and earthquake properties (Supplement 1). We grew random forests with 1000 individual trees, setting the number of variables at each node to 18 (out of a total of 54 predictors). Though this setup is slightly higher than the recommended number (Liaw and Wiener, 2002) , the model performance was best using that number of nodes; the number of predictor variables is largely a tuning parameter (Hastie et al., 2009 ).
Groundwater flow modeling
One-dimensional groundwater models are popular and geometrically simplified tools for interpreting hydrological responses to earthquakes, as available observations are unable to support more complex models (Manga, 2001, Manga and Mohr et al., 2015; Rojstaczer et al., 1995; Manga, 2015, Wang and Manga, 2010a) . Our key assumption is that water is released, either from the saturated or unsaturated zone, to recharge an aquifer during or in the wake of strong earthquake shaking (Wang et al., 2004a) . The linearized Boussinesq equation and Darcy's equation describe groundwater flow in space x and time t for unconfined or confined aquifers, respectively: (3)∂h∂t=D∂2h∂x2+ASS(x,t) with (4)⁎⁎Q=−K⁎Dt⁎∂h∂x where A is the rate of water recharge per unit width of the release zone (1/T), SS is specific yield (1/L), Q is the groundwater discharge exiting the aquifer (L3/T), h is hydraulic head(L) above the background value elevated by the earthquake, K is the hydraulic conductivity (L/T), D is the hydraulic diffusivity (L2/T), and Dt is the cross-sectional area of the aquifer (L2). The Boussinesq model applies here, because the ratio between horizontal and vertical flow is high enough to justify horizontal flow only and, thus, 1D flow conditions (Guérin et al., 2014) . We treat hydraulic diffusivity D as constant, and assume that streamflow was sustained from saturated flow so that Darcian flow applies. The aquifer extends from x=0at the catchment divide to x=U at the channel. The boundary conditions are (5)h(U,t)=0 and (6)∂h(0,t)∂x=0.
At time of the earthquake, t=0, we assume that hydraulic head increases an amount h0over a distance 0<x<U′. We formalize the initial condition as (7)h(x,0)=h0with 0<x<U′.
Recharge occurs over a distance 0<x<U′ The discharge at the time of the earthquake is Q0.
The last significant rainfall event occurred about ten days before the earthquake, which is long enough to allow the head to reach a stationary evolving distribution. Under this assumption and a constant D, we can extend the co-seismic recharge model (Wang et al., 2004b) by accounting for long-term streamflow recession. The solution is then: (8)Q(t)=Q0e−π2Dt/4U2+2DQtUU′∑r=1∞(−1)r−1sin (2r−1)πU′2Ue−(2r−1)π2D4U2t, where Qt is total excess water released by the earthquake, and t is the time since the earthquake. We fitted equation (8) using least squares and three parameters U ′/U, D/U2and Qt to the streamflow data post-dating the earthquake, and pre-dating any precipitation events.
Modeling of vadose zone water release
We quantitatively explore the possible effects of seismically mobilized soil water contributing to discharge. Saturated flow may be initiated when suction provided by matric potential is exceeded by the energy density provided by seismic waves (Mohr et al., 2015) . This seismic energy density e (J/m 3 ) describes the maximum seismic energy available to do work on a unit volume of rock or sediment (Wang and Manga, 2010b) , and can be estimated by (9)log10 e(J/m3)=−3.03log10 r+1. 45M−4.24 where M is earthquake magnitude and r is the epicentral distance (km). We assume that seismic energy density can be superimposed as a positive pressure head (Ψseismic) on the matric potential (Ψseismic). Given this assumption, the static threshold of saturation θdynamically changes during shaking (Van Genuchten, 1980) 
We combine the van Genuchten water-retention model with a Monte Carlo simulation performing 1000 iterations to simulate the amount of water that seismic shaking could have released from soil columns. To this end, we consider empirical texture-specific soilhydraulic parameters α and n for clayey to sandy soil textures (http://eusoils.jrc.ec.europa.eu/ESDB_Archive/ESDBv2/popup/hy_param.htm), published soil thicknesses for south-central Chile (42-130 cm) (Casanova et al., 2013) , the potential range of residual and saturated soil water content (0.01-0.025, and 0.366-0.614, respectively), and the calculated seismic energy densities for each catchment using an empirical relation based on ground motion data in Southern California (Wang, 2007) . We refer to Supplement 2 for a map of soil types within the greater study area.
Results
At least 85 streams responded to the Maule earthquake, with 78 increasing and seven decreasing their discharge following the seismic shock. At least 137 streams had no obvious changes in streamflow. Responses occurred in the Andes, the Coastal Mountains, and the Central Valley, up to 620 km away from the epicenter (Fig. 3, Fig.   4 , Fig. 5 ). We estimate a total excess discharge of 1.12±0.03 km3 (Fig. 6a) , considering only streams with a clear response. Where larger catchments contained smaller ones with seismic streamflow responses, we included only the trunk catchment for calculating excess discharge. Scaled to catchment area, excess water ranged between 3 and 56 mm (Fig. 6b, Table 1 ) with two exceptions: for the Claro River and the Rucue River, we estimated 506 and 844 mm, respectively. We ran an additional recession analysis of excess water to check for dam breaks that could have caused this massive increase. To this end we followed the steps for the recession analysis (section 2.3) and compared the recession constants for single rainfall-runoff events before the earthquake with the excess water wave immediately after the earthquake. While this analysis shows a slight post-seismic increase for the Claro catchment, we find a decrease for the Rucue River, with slower recession compared to rainfall-runoff recessions before the earthquake, so that we can exclude a dam break for this river.
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2. Download full-size image Fig. 3 . Hydrographs. Sample hydrographs showing post-seismic increase in river discharge (Fig. 4 shows locations) . Black curve is fit from seismically triggered groundwater flow model (m 3 /s) (equation (7)); blue dashed line is measured streamflow (m 3 /s); histogram shows daily precipitation data (mm/day). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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2. Download full-size image Fig. 4 . Regional streamflow responses. Regional pattern of post-seismic streamflow responses and distribution of static strain, modeled as the relative volume change using Coulomb 3.3 (Lin and Stein, 2004, Toda et al., 2005) . The red zones show contraction while the blue zones indicate dilatation. Contour lines show the horizontal slip with intervals of 200 cm . Base map is Esri World Terrain Base layer (http://services.arcgisonline.com/arcgis/rest/services/World_Terrain_Base/MapServer, accessed 10.07.2016). For highlighted gauging stations refer to Fig. 3 . (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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2. Download full-size image Fig. 5 . Earthquake magnitude-distance relationship. Seismically triggered streamflow changes (circles) as a function of earthquake magnitude and distance from epicenter. Orange circles are data from (Wang and Manga, 2010a) ; black circles are data from the Maule earthquake, and the M7.1 2011 Araucania aftershock in Chilean headwater catchments (Mohr et al., 2012) ; blue circles are data from this study. Red dashed line is an empirical bound for observed liquefaction (Papadopoulos and Lefkopoulos, 1993) . Grey lines are seismic energy density (J/m 3 ) (Wang and Manga, 2010b) . Inset shows the seismic energy density estimated for the studied catchments, and domains for liquefaction (Wang and Manga, 2010b) and release of vadose zone water in nearly saturated sandy soils (Mohr et al., 2015) . (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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2. Download full-size image Fig. 6 . Excess discharge. Estimates of seismically generated excess discharge in Chilean rivers following the 2010 Maule earthquake. A: Probability density of estimated total excess water (km 3 ) for 22 modeled catchments based on 1000 bootstrapped iterations (Table 1) . Uncertainty is given as ±1σ, bandwidth is 0.00687. B: Histogram of the observed excess water scaled to catchment area (mm). Note: 26 catchments were modeled, though 22 were considered for excess discharge quantifications owing to 4 catchments draining into larger ones. The random forest classifier performed well with an out-of-bag error rate of 10.4%. Of the 85 streams showing responses, seven were misclassified as non-responding, whereas 16 out of 137 stations with no observed response were misclassified as responsive. Earthquake attributes such as distance from the epicenter, and mean and maximum PGV and PGA, were among the most important predictors of observed streamflow response (Fig. 7) . Among the topographic predictors, only the skewness of elevation, a measure of topographic extremes, notably affected the classification.
Positive skewness reflects a high percentage of low-lying areas, whereas negative skewness indicates that higher-lying areas dominate. Surprisingly, geology and tectonic features were among the less important predictors. The same applies to rainfall and land cover, except for some slight effects of forest cover and partly degraded shrublands that are prolific in many catchments (Schulz et al., 2011) .
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2. Download full-size image Fig. 7 . Random forest variable importance. Relative variable importance for a random forest classifier of earthquake-triggered stream response. All predictor variable importance was normalized to 100%. See Supplement 1 for a full description of the predictors. Note: "Unconsolidated_sedimentary and "unconsolidated" refers to the limited possibility to unambiguously transfer Spanish geological vocabulary into English geological terms.
Discussion

Volume of excess water
The estimated excess water released by the Maule earthquake exceeds previously published estimates such as ∼0.7 km 3 for the Chi-Chi (Wang et al., 2004a) , 0.01 km 3 for the Loma Prieta (Rojstaczer et al., 1995) , 0.3 km 3 for the Borah Peak, and 0.5 km 3 for the Hebgen Lake (Muir-Wood and King, 1993) earthquakes, even if leaving out the high excess water yields that we modeled for the Claro and Rucue Rivers (Table 1) . Hence, we treat our estimates as a minimum value. This volume of earthquake-released water is particularly relevant as the Maule earthquake occurred towards the end of the dry season, when groundwater resources are depleted. The different amount of excess water released by the Loma Prieta earthquake in California and that released by the Chi-Chi earthquake in Taiwan may reflect the different amounts of rainfall at both sites (Manga, 2001 , Wang et al., 2004a . We thus speculate that if the Maule earthquake had struck Chile during wetter periods with higher groundwater levels, we would have expected even higher excess discharge.
For some catchments, the estimated excess water reached monthly discharge yields, such as the Mataquito River whose excess discharge equals roughly the average streamflow for the period between January and February (∼19 mm). The Purapel River released excess discharge roughly matching the average discharge during the entire dry season from October to March (∼21 mm). This is particularly important for the northern-most responding catchments (e.g., Putaendo River), when compared against annual groundwater rechargerates of <10 mm/yr (Fig. 8) . Thus, our minimum excess water estimates highlight the importance of seismo-hydrological recharge in the regional water cycle on at least monthly to seasonal time scales.
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2. Download full-size image Fig. 8 . Groundwater recharge and excess discharge. Excess discharge vs modeled groundwater recharge rates for south-central Chile. Orange contour lines show 10th quantiles of modeled groundwater recharge rates (Hannes Müller Schmied, 2016, personal data) . Orange colored numbers show groundwater recharge rate in mm/yr. Groundwater recharge is modeled using the Global Hydrology and Water Use Model WaterGAP at a spatial resolution of 0.5° × 0.5° geographical latitude and longitude, respectively (Müller Schmied et al., 2014) . Excess discharge is scaled by color and circle size. Black numbers show estimated excess water in mm. Base map is Esri World Terrain Base layer (http://services.arcgisonline.com/arcgis/rest/services/World_Terrain_Base/MapServer, accessed 20.07.2016). For highlighted gauging stations refer to text in section 4.1. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
We now use our observations to explore possible mechanisms that might have caused the observed streamflow anomalies.
4.2. Did streamflow respond to static strain? Fig. 4 shows the regional pattern of the streamflow responses with respect to either volumetric expansion or contraction. In contrast to studies documenting a pattern of water-level changes that mimic the distribution of volumetric strain (e.g., Jonsson et al., 2003) , streamflow response in our study was uncorrelated with the sign of volumetric strain (see also Supplement 3). Our random forest model also does not reveal any impact of static strain on the sign of streamflow change. Instead, flow increased mainly in areas that experienced expansion, which is in line with many previous studies such as those after the Wechuan and Lushan earthquakes, China . Our data do not support the idea that volumetric strain dominates regional streamflow responses.
Did streamflow respond to dynamic strain?
Seismic energy can be estimated empirically as a function of epicentral distance and earthquake magnitude. Wang and Manga (2010b) proposed a minimum of ∼0.1 J/m 3 of seismic energy to initiate streamflow responses. With this bound, the Maule earthquake would have generated sufficient energy to cause responses in all catchments (Fig. 5) . We find that nearly all catchments are within an empirical threshold for liquefaction as a function of epicentral distance and earthquake magnitude (Papadopoulos and Lefkopoulos, 1993) . In general, consolidation up to liquefaction may be theoretically possible (Montgomery and Manga, 2003) . However, the responses occurred within the headwater catchments of the Andes and the Coastal Mountains where reported liquefaction features were rare. The liquefaction hypothesis favors streamflow response on saturated floodplains at low elevations instead (Cox et al., 2012 , and is thus inconsistent with our observations (Fig. 4) .
Moreover, the presence of unconsolidated material is not required to explain the altered discharges after the Maule earthquake (Fig. 7) . Mohr et al. (2012) showed that undrained consolidation of the deep (∼5-6 m) saturated saprolite may have played a role in small catchments of the Coastal Mountains, though we cannot assume that a deeply weathered saprolite prone to liquefaction underlies all affected catchments (Casanova et al., 2013) . Thus, we discard undrained consolidation as a dominant process at the regional scale.
4.4. Did streamflow respond to water released from the vadose zone?
Assuming water contents close to saturation in sandy soils, and sufficient connectivity between saturated and unsaturated zones, seismic energy density can dynamically lower the soil matric potential, which in turn releases soil water to groundwater (Mohr et al., 2015) . Yet, only some catchments were shaken with an intensity that has been found to be theoretically sufficient to release vadose zone water (Fig. 5) . The Maule earthquake occurred near the end of the dry season, so that we assume that soils were dry, restricting the soil column close to saturation, and thus prone for water losses, to less than half of the total soil depth. We obtained a median excess water of <9 mm, which is well below the modeled excess water (Fig. 6b) , so that the release of soil water is insufficient to explain the streamflow response as a whole. Even if it were, some connectivity between the unsaturated and saturated zone is required during shaking.
Earthquakes cause transient stresses from waves that can establish connectivity via clearing clogged pores (Candela et al., 2014) . In the absence of well data, we estimate the average groundwater table to first order at 57±24 m below the surface for all catchments, based on model data (Fan et al., 2013) . Following , our Monte Carlo simulation yields streamflow response times of ∼3±3 h, assuming maximum distances of 57±24 m from the source of excess water for the streamflow discharge feeding aquifers, and typical hydraulic diffusivities for unconsolidated sands of 100-101 m2/s (Roeloffs, 1996) . We considered such relatively high diffusivities because we cannot assume that the near-surface geology remains undamaged in areas of high seismicity (e.g., which in turn would increase permeability (Wang et al., 2004a) . These response times correspond very closely with streamflow responses observed in instrumented headwater catchments after the Maule earthquake (Mohr et al., 2012) . Response times of hours are plausible for groundwater conditions (Wang and Manga, 2010a) , but differ from the time scale of shaking (∼2.5 min) during which the released soil water has to reach the underlying aquifer from the vadose zone. We argue that the groundwater table is too deep to be recharged by mobilized soil water during seismic shaking, and discard the mechanism of soil-water release for explaining the regional streamflow responses.
Did streamflow respond to enhanced permeability?
Groundwater flow is dominated by the highest permeability layer within a hydrological system. Thus, recession analysis can only reveal changes in near-surface permeability assuming isotropic conditions (Wang and Manga, 2010a) . In that case, our recession analysis does not support post-seismic changes in lateral hydraulic conductivity (Fig. 9 ), so that we exclude enhanced lateral permeability as documented in wells (Elkhoury et al., 2006) , as a cause of the streamflow anomalies. This inference is consistent with previous recession analyses for headwater catchments in south-central Chile (Mohr et al., 2012) . Instead, our results are consistent with enhanced vertical permeability, for example by breaching impervious geological layers via subvertical tension cracks or clearing clogged pore throats (Candela et al., 2014) , allowing the groundwater to drain vertically without affecting base-flow recession. This model leads to enhanced discharge by elevating the hydraulic head following the release of additional water from higher areas (Wang et al., 2004a) . The model predicts groundwater recharge in elevated areas and discharge at hillslope toes. This general pattern is consistent with the results from the random forest classification, in which topographic extremes have some importance (Fig. 7) . Hence, both approaches, i.e., the physics-based modeling and the machine learningalgorithm, support the enhanced vertical permeability mechanism. However, small upland catchments are not exclusively areas of discharge (Tóth, 1963) as predicted by our model. Instead, recharge may also take place in such settings. Thus, we do not necessarily expect that post-seismic increases and decreases are limited to lower and higher elevations, respectively (Fig.   4 ). The model with water added coseismically captures the time evolution of the excess discharge as observed across the Andes and Coastal Mountain Range Mountains and the Central Valley (Fig. 3) , hence supporting the general validity of the model. Taken together, our data suggest that enhanced vertical permeability most plausibly explains the regional streamflow response to the Maule earthquake, with discharge increasing mostly across the Andes and the Coastal Mountains.
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2. Download full-size image Fig. 9 . Recession constants. Pre-versus post-seismic recession constants of estimated base flow (Nathan and McMahon, 1990) , calculated as daily values (m 3 /day) over one year each for catchments with observed streamflow response. Error bars are ±1σ of daily recession constants.
Conclusions
We present new evidence for widespread earthquake-driven discharge changes in several dozen Andean and Coastal Range catchments characterized by steep hydroclimatic, groundwater and topographic gradients. We report the largest reported volume of water ever released (>1.12 km 3 ) by an earthquake, and combine physics-based modeling with statistical analyses to argue for a seismically induced increase in vertical permeability as the most plausible mechanism for explaining the regional hydrological responses to the 2010 Maule earthquake. We cannot, however, provide independent evidence for that mechanism and further testing of the model is required. Compared to groundwater recharge rates as low as 10-20 mm/yr for the northern-most affected catchments, the massive discharge of excess water is similar to seasonal discharge; assuming a mean recurrence interval of ∼25 yr for >M8 earthquakes, our study emphasizes the substantial impact of earthquakes on groundwater resources in Chile's arid catchments in particular. Nature, 441 (2006) 
